Background: Huntington's disease (HD) has gradually become a public health threat, and there is a growing interest in developing prognostic models to predict the time for HD diagnosis. Objective: This study aims to develop a novel prognostic model that leverages multiple longitudinal biomarkers to inform the risk of HD. Methods: The multivariate functional principal component analysis was used to summarize the essential information from multiple longitudinal markers and to obtain a set of prognostic scores. The prognostic scores were used as predictors in a Cox model to predict the right-censored time to diagnosis. We used cross-validation to determine the best model in PREDICT-HD (n = 1,039) and ENROLL-HD (n = 1,776); external validation was carried out in ENROLL-HD. Results: We considered six commonly measured longitudinal biomarkers in PREDICT-HD and ENROLL-HD (Total Motor Score, Symbol Digit Modalities Test, Stroop Word Test, Stroop Color Test, Stroop Interference Test, and Total Functional Capacity). The prognostic model utilizing these longitudinal biomarkers significantly improved the predictive performance over the model with baseline biomarker information. A new prognostic index was computed using the proposed model, and can be dynamically updated over time as new biomarker measurements become available. Conclusion: Longitudinal measurements of commonly measured clinical biomarkers substantially improve the risk prediction of Huntington's disease diagnosis. Calculation of the prognostic index informs the patient's risk category and facilitates patient selection in future clinical trials.
INTRODUCTION
Huntington's disease (HD) is a long-term neurodegenerative disorder caused by a cytosine-adenineguanine (CAG) repeat expansion in the Huntingtin (HTT) gene [1] . HD causes a progressive breakdown of brain cells, leading to uncontrolled movements, loss of cognitive function and mental illness. While the identification of the HTT gene allows clinicians to decide whether a patient will eventually progress to HD, there is a growing interest in developing prognostic models to predict the time for HD diagnosis. These prognostic models accounted for CAG repeat length, age, and their interaction as they were found to be strongly predictive of the HD diagnosis [2, 3] . However, prediction based on CAG repeat length and age can be further improved by leveraging longitudinal biomarker information collected in HD studies.
The use of joint models greatly facilitated the development of prognostic models for HD diagnosis [4] . For instance, Paulsen et al. [5] used the Neurobiological Predictors of Huntington's Disease (PREDICT-HD) data to develop a joint model and evaluated the predictive performance of each marker for HD diagnosis. Such models are attractive because they simultaneously modeled the longitudinal trajectories and time-to-event, which improved risk prediction by identifying candidate markers with high prognostic values. Li et al. [6] illustrated how to make dynamic predictions with joint models as the longitudinal assessments accrue and provided a webbased calculator to assist clinical decisions. However, these models considered each longitudinal marker separately and did not incorporated the synergistic effects of multiple longitudinal markers. On the other hand, studies evaluating the combined prognostic values of multiple markers have mostly restricted to the baseline measurements [7] [8] [9] , with the following two exceptions. Garcia et al. [10] exploited multiple outcomes in addition to motor diagnosis and improved the traditional single-outcome prediction model, while Long and Mills [11] developed a bivariate joint model which used the longitudinal trajectories of two biomarkers to improve risk prediction. To date, no prior studies have investigated the combined values of more than two longitudinal markers for predicting the risk of HD diagnosis.
Based on the state-of-the-art nonparametric functional data analysis (FDA) methodology, in this paper, we developed a new prognostic model for HD diagnosis by integrating the longitudinal information from multiple markers. The prognostic model effectively summarized the longitudinal trajectories of all markers and therefore facilitated clinical decision making based on all historical data. We developed and internally validated the model using the PREDICT-HD data, a publicly available data set well suited for our objective due to its large cohort size, the abundance in marker information, and the prospective study design. The model was then externally validated based on the ENROLL-HD data. With the new prognostic model, we also developed a dynamic prognostic index. Since the prognostic index could be updated over time as new marker measurements accumulate, it has the potential to monitor HD progression for at-risk patients and to assist targeted patient selection in future clinical trials.
MATERIALS AND METHODS

Study population
PREDICT-HD is a prospective cohort study evaluating predictors of time to first HD diagnosis. The study included 1,078 patients with mutation consistent with HD (greater than 35 CAG repeats in the HTT gene), but not yet diagnosed at study entry. Data were collected from 2002 to 2014 across six countries including USA, Canada, Germany, Australia, Spain and UK. Detailed information on study procedures, inclusion and exclusion criteria was published elsewhere [12, 13] . Written informed consent was obtained from all participants at recruitment, and the local institutional review board has approved the study.
ENROLL-HD is a worldwide, prospective observational study monitoring the dynamics of patients at-risk for or with HD. The study included HD families in North American, Europe, Latin America and Australasia. Initiated in 2011, the ENROLL-HD study recruited a total number of 11,906 participants by October 16, 2016 . The study is ongoing and detailed information regarding study protocol is available at https://www.enroll-hd.org. We used a subset of ENROLL-HD for external validation. Specifically, we included participants who (i) were at least 18 years old at study entry, (ii) had mutation consistent with HD (defined by having greater than 35 CAG repeats in the HTT gene), (iii) did not have a motor diagnosis at baseline, and (iv) were not from Latin America (since PREDICT-HD did not include participants from Latin American countries). We obtained in a cohort of 2,000 participants who had similar characteristics to PREDICT-HD participants. All participants in ENROLL-HD were given a written informed consent, and the study was approved by the local institutional review board.
Both PREDICT-HD and ENROLL-HD collected a range of clinical data from participants. Here, our primary analysis focuses on examining the six strongest longitudinal predictors identified in Paulsen et al. [5] [14] . Specifically, the Total Motor Score ranges from 0 to 124, with a higher score indicating a greater degree of impaired motor functioning. The Symbol Digit Modalities Test measures working memory, complex scanning, and processing speed [15, 16] , while the Stroop Color and Word Test consists of three trials (SWT, SCT and SIT), each of which generates a score and measures basic attention and processing speed in color identification and word reading [17] . Among them, SIT focuses on the ability to ignore an interference signal between words and colors. All four cognitive test scores were calculated using the number of correctly answered items in the administered task, and higher scores correspond to better cognitive functioning. The Total Functional Capacity is a 5-item clinician rating scale measuring the capacity of function in HD. The five items were summed to obtain a total score, ranging from 0 to 13 with higher scores corresponding to a more independent level of functioning. Since ENROLL-HD includes a few patients with more extreme baseline values of the six markers than PREDICT-HD, we excluded these ENROLL-HD patients whose baseline marker values are outside the range of the PREDICT-HD patients to ensure better comparability. In the secondary analysis, we also considered two imaging markers (Putman and Hippocampus volume) and a psychiatric marker (FrSBe executive subscale), which have been identified amongst the biomarkers of highest prognostic value [5] . However, these markers were only available in PREDICT-HD. Age at baseline, gender, CAG repeat length, and CAGAge Product (CAP; [baseline age]×[CAG-33.66] [3] were considered as other prognostic variables given their established association with motor diagnosis. Following the standard definition of the Unified Huntington Disease Rating Scale [14] , we characterized the motor diagnosis of Huntington's disease as a rating of 4 on the diagnostic confidence level (DCL) during the follow-up period. Sample size and descriptive statistics of baseline variables for PREDICT-HD and ENROLL-HD data sets are shown in Table 1 . Table 1 suggests that participants in two studies were mostly similar at baseline. However, ENROLL-HD patients had on average slightly higher TMS and lower cognitive test scores compared to PREDICT-HD, and may indicate higher baseline risk for progression.
Statistical methods
The multivariate functional principal component analysis (MFPCA) and Cox regression were used to jointly analyze the multiple longitudinal marker trajectories and survival outcomes. The MFPCA approach [18] assumes that the underlying trajectories from all markers follow a latent multidimensional stochastic process that accounts for the correlation among marker trajectories and summarizes the essential information from all trajectories into a set of multivariate functional principal component (MFPC) scores. The MFPC scores have a much lower dimension compared to the entire longitudinal history, and are assumed sufficient to characterize the overall trend and systematic patterns of the trajectories from multiple markers. The MFPCA approach makes minimal parametric assumptions; it accommodates missed visits by modeling the latent trajectory of each marker as a smooth process, and further accounts for measurement error by including a residual noise term [19] . We retained the set of MFPC scores derived from multiple longitudinal markers as a set of new prognostic variables, and used them to predict the risk of HD diagnosis in a survival model. The technical details on MFPCA and Cox models were available in the supplementary material.
We first investigated whether the use of longitudinal information from multiple markers increased the predictive accuracy compared to the use of baseline marker values. We primarily focused on the six predictors that are commonly measured in HD studies and available in both PREDICT-HD and ENROLL-HD, i.e., TMS, SMDT, SWT, SCT, SIT and TFC. Two pre-planned Cox models were considered: model 1 adjusted for only the measurements of the six markers at baseline, while model 2 adjusted for MFPC scores obtained from the six longitudinal markers. We kept the first 10 MFPC scores which accounted for at least 99% of the total variation in the six markers. We further adjusted for age, gender, length of CAG repeat expansion, and the CAG-Age Product in both models. The survival time in years was defined from study entry to the first HD diagnosis or censored at the last visit for subjects without diagnosis. In model 2, the set of MFPC scores were calculated for each subject using information obtained prior to the time of HD diagnosis or censoring. The two survival models were specified as 
where h 0 (t) is the baseline hazard, γ i and β p are regression coefficients. The model performance was assessed using the integrated area under the time-dependent receiver operating characteristics curve (iAUC) [20] and the integrated Brier score (iBS) [21] . Higher iAUC indicates better predictive accuracy and lower iBS indicates better agreement between predicted and observed survival outcomes. Internal validation was performed based on the PREDICT-HD and ENROLL-HD data using repeated 10-fold crossvalidation (CV) and we referred to this process as internal CV. The 10-fold CV was used to estimate iAUC and iBS, and we repeated the process for 100 times to account for the variability in randomly splitting the data. For external validation, we estimated model parameters from PREDICT-HD and assessed iAUC and iBS using ENROLL-HD data. The longitudinal marker trajectories in PREDICT-HD and ENROLL-HD were defined on the same time scale to ensure comparability and the latest followup time in PREDICT-HD was set as the upper bound.
To further examine whether model 2 improved risk prediction over model 1, we tested for differences in time-dependent area under the receiver operating characteristics curves (AUCs) across models, and reported p-values at pre-specified time points [22] . The pre-specified time points were each whole year for PREDICT-HD, and each half year for ENROLL-HD; a finer scale was used for the latter due to its shorter follow-up. The reported p-values were adjusted to prevent an inflation of type I error due to repeated testing at multiple time points [23] . Details of this test and the adjustment for multiple comparison can be found in Blanche et al. [22] . Model 2 motivated a new prognostic index, PI HD , which was defined as a linear combination of the prognostic factors:.
We estimated all regression coefficients from PREDICT-HD and computed the index for each patient in ENROLL-HD. Risk groups for HD progression were defined based on the quartiles of PI HD obtained from PREDICT-HD. All analyses were performed by restricting subjects to those with complete baseline values of all six markers (n = 1,039 in PREDICT-HD and n = 1,776 in ENROLL-HD).
Since we have restricted the construction of the prognostic index to the six major markers considered, we further assessed the predictive utility of C o r r e c t e d P r o o f additionally incorporating the longitudinal imaging and psychiatric measurements. For this objective, we sequentially included each of the following longitudinal markers-Putman volume and Hippocampus volume (imaging markers) and FrSBe executive subscale (psychiatric marker)-for calculating the MFPC scores and therefore estimating the iAUC and iBS corresponding to the new prognostic models. As these markers were only available for a subset of subjects in PREDICT-HD, we restricted the evaluation to a subset in PREDICT-HD with at least complete baseline information for all nine markers. All statistical analyses were performed using the R statistical software (version 3.4.0). The MFPCA step was performed using the MFPCA package [18, 24] ; Cox models were fit using the survival package [25] , and model performance measures were calculated using the survAUC and pec packages [26, 27] . Table 2 presents the iAUC and iBS results for model 1 and model 2 calculated using both data sets. From internal CV based on PREDICT-HD, the multivariable baseline marker model (model 1) indicates the iAUC = 0.856, while the prognostic model with multiple longitudinal markers (model 2) increased iAUC by about 6% to 0.911. Similar findings were confirmed from internal CV based on ENROLL-HD. From external validation, the performance statistics (iAUC) was slightly lower than the internal validation for both models, but still favored model 2 over model 1. Results for model comparisons were similar when using iBS as the performance statistic. Supplementary Tables 1 and 2 present the p-values for testing the null hypothesis that the time-dependent AUCs of model 1 and 2 are equal. After accounting for multiple comparisons [22] , the adjusted p-values were significant at the 0.05 level for most of the time points considered, in both data sets. Such comparisons confirmed that the six longitudinal markers had substantially higher predictive values than their baseline assessments.
RESULTS
We obtained the prognostic index PI HD for cohorts in PREDICT-HD and ENROLL-HD based on the model 2 estimated using PREDICT-HD. The quartiles of the estimated PI HD were used to categorize each cohort into four risk groups. Figure 1 presents the Kaplan-Meier survival curves for these risk groups (survival is defined as the probability of not being diagnosed). The risk gradient was similar for PREDICT-HD and ENROLL-HD as the curves were in the same order from top to bottom even though PI HD was estimated from PREDICT-HD. By design, PI HD provided an equal classification of the four risk groups in PREDICT-HD, and it further resulted in approximately equal classification of the four risk groups in ENROLL-HD. However, the survival curves showed some differences between the two data sets. At year 3, for example, the highrisk group in ENROLL-HD was at a higher risk for HD diagnosis (survival probability = 0.212) than that in PREDICT-HD (survival probability = 0.628), suggesting that the ENROLL-HD included participants whose conditions deteriorated at a faster rate. For comparison purposes, we also created four risk groups based on PI HD estimated from model 1, and present the Kaplan-Meier survival curves in Figure 2 . Table 3 reports the survival probability estimates of various groups at year 3. Overall, the risk gradient was similar between model 1 and model 2. However, by accounting for the longitudinal patterns of clinical marker information, model 2 tends to better separate the healthier and sicker patients into the low and high-risk groups. For instance, in ENROLL-HD, the survival probabilities at year 3 are 0.964 and 0.995 among the low risk groups created based on model 1 and model 2, which suggests that model 1 includes a few less healthier patients in its low risk group than model 2, by basing the classification only on the baseline information. As model 2 leads to better predictive performance and provides more separated risk strata, we selected model 2 as a preferable model in the subsequent analysis.
The Cox regression coefficient estimates from model 2 were presented in Supplementary Table 3 . The magnitudes of these coefficients determined the contribution from each prognostic factor towards the prognostic index. Larger value of the index suggested greater risk for HD progression, and the estimated quartiles of PI HD (25%: -6.16; 50%: -5.46; 75%: -4.53) classify patients into risk strata and facilitate the interpretation of the survival curves. An attractive feature of the prognostic index is that it can be dynamically updated over time as new marker measurements accumulate. In Supplementary  Tables 4 and 5 , we illustrated how to update PI HD for a selected patient from PREDICT-HD as her new marker measurements accrue. At baseline, the prognostic index was calculated as -5.81, indicating the patient has mid-low-risk for HD progression. When additional longitudinal information up to year 2, the prognostic index increased to -5.33, which classified C o r r e c t e d P r o o f the patient to the mid-high-risk group for HD diagnosis. Medical intervention may be necessary at this stage as PI HD showed that the patient was at an elevated risk to develop HD. Given any future time point, we could also approximate the baseline hazard h 0 (t) in model 2 using flexible spline functions to quantify the actual probability of HD diagnosis for a specific patient. Table 4 presents the iAUC and iBS for models including imaging and psychiatric markers beyond the six clinical markers. Like model 2, model 2a estimated MFPC scores derived from the above six markers. From model 2b to model 2d, longitudinal information of imaging measurements and psychiatric measurement were successively added to the MFPC score calculation. Overall, models 2b through 2d had similar predictive performance compared to model 2a, and did not increase the value of iAUC or decrease the value of iBS. This implies that when the six clinical markers were already present in the model, including additional longitudinal imaging markers may not lead to improved predictive accuracy. Moreover, the inclusion of baseline imaging markers also did not substantially improve the predictive accuracy of the baseline model with six clinical markers (model 1a). However, adding the longitudinal markers substantially improves the model with only baseline information, regardless of the inclusion of imaging markers. Statistical tests comparing timedependent AUCs at pre-specified time points revealed consistent results and were omitted for brevity. The results indicate that the relevant prognostic information from the imaging markers is likely reflected in the scoring patterns of the clinical variables already in the model. Overall, Table 4 confirmed that model 2a (model 2) was preferable for clinical decision making because the six clinical markers could be collected at minimal cost, while the imaging markers require specific equipment and are more expensive to collect.
C o r r e c t e d P r o o f
DISCUSSION
In this study, we proposed a novel prognostic model to jointly analyze the trajectories of multiple longitudinal HD markers and time to HD diagnosis. The multivariate functional principal component analysis (MFPCA) was applied on multiple longitudinal marker data to derive a set of scores for each individual, and these derived scores were used as a C o r r e c t e d P r o o f new set of prognostic factors in the Cox regression model. We demonstrated that including the longitudinal information from multiple markers, beyond the baseline measurements, significantly improved the predictive accuracy for HD diagnosis, as indicated both by internal CV and the statistical tests for comparing time-dependent AUCs. The model performance was also assessed by external validation, which has been recommended for developing prediction models in clinical studies [28, 29] . The improved predictive performance from external validation with ENROLL-HD data supported the general usefulness of the proposed model. Of note, our prognostic model shares the same spirit with the bivariate joint model developed in Long and Mills [11] in that both models exploited the synergistic effect of multiple marker trajectories. Although Long and Mills only examined TMS and SDMT in their study, an extension of their model could possibly accommodate the six longitudinal markers in the current study. Nevertheless, such a multivariate joint model relies on parametric assumptions and its computational burden may be much heavier than the proposed MFPCA model. By contrast, the MFPCA approach is a flexible nonparametric approach that does not impose any parametric forms of the longitudinal trajectories and is computationally efficient [18] . Although the derived MFPC scores may lack clinical interpretation as they are implicit functions of the multivariate marker trajectories, we performed additional analysis of the PREDICT-HD sample to understand the information from each marker that drives the most important MFPC scores and presented the results in Supplementary Figure 4 to Supplementary Figure 9 . While the majority of the variability in the four cognitive tests (SMDT, SWT, SCT, SIT) lies in the direction close to the overall mean, the clinical score contrast between early, medium and later times also contribute substantial variability in TMS and TFC trajectories. This suggests that we could interpret the effect from the set of MFPC scores as the additional effect due to dynamic changes from the TMS and TFC values. The successful capture of this effect favored the application of MFPCA as the specification of such dynamic effect is not as straightforward in parametric models. Additionally, because the MFPC scores greatly reduce the dimension of longitudinal information and enhance the performance of the survival model for risk prediction, we used these scores in constructing the prognostic index.
There are several advantages of the proposed prognostic index. First, it is easy to calculate with commonly measured prognostic factors. In fact, our prognostic model included only the motor, cognitive and functional assessments which are routinely collected and it is widely applicable in the clinical setting. Imaging markers were more expensive to obtain as they may require specific equipment, and was not universally available in all HD studies (e.g., ENROLL-HD). We have shown that the addition of the imaging markers offered negligible improvement in predictive accuracy when the six clinical markers were already included in the model. For this reason, we excluded the imaging information in deriving the prognostic index. Second, the proposed prognostic index can be dynamically updated over time, as we illustrated in the Supplementary Material. Further, the value of the prognostic index can be used to predict when a patient will progress to HD. Third, we could use the prognostic index to identify target patients for clinical trials from participants in existing cohort studies. It is likely that a history of longitudinal marker observations has been recorded for these participants, which could inform the calculation of prognostic index. For example, if a clinical trial plans to recruit patients who are less susceptible to develop HD, the patients in the low-risk group with the smallest PI HD should be considered. On the other hand, if a trial involves a medical intervention that targets patients who are more susceptible to develop HD, the investigators might recruit patients in the mid-high or high-risk categories. In the modern era of big data and as the routine collection of patient information becomes the norm (e.g., electronic medical records), our prognostic models have the potential to efficiently summarize essential information from historical marker trajectories and inform medical decisions on HD-specific interventions.
There are several limitations in our study. First, we have demonstrated the improved risk prediction of the MFPCA-Cox model relative to a simple baseline model adjusting for only linear effects from the six markers. To place our results in the context of current literature, we further examined the predictive utility of three existing HD prognostic models, developed in Long et al. [7, 9] , and report the performance statistics in Supplementary Table 6 . Based on the iAUC performance metric, both the internal and external cross validation favored the MFPCA-Cox model, consistent with our primary analysis. However, based on the iBS performance metric, the external validation seemed to favor two baseline models with nonlinear TMS effects and a TMS-CAG interaction. A possible explanation is that since ENROLL-HD had relatively C o r r e c t e d P r o o f fewer longitudinal information, the alternative baseline specifications may avoid the risk of overfitting and lead to less variable predictions (henceforth the slightly smaller iBS). Further simulation studies are necessary to provide a more comprehensive assessment on the pros and cons of each model in the presence of limited longitudinal follow-up, such as the current ENROLL-HD sample. Second, we did not consider the combinations of all markers in constructing the prognostic model, and prioritized the ones that demonstrated greater importance in previous studies. A combination of clinical, imaging and genetic markers would potentially provide a more comprehensive prognostic index. However, our restriction to the nonimaging markers bears a pragmatic consideration as the imaging markers are not broadly available in all studies such as ENROLL-HD. Third, participants of the PREDICT-HD and ENROLL-HD may not represent the more general population at risk for HD and selection bias may exist. We considered ENROLL-HD as a data set for external validation because (i) the patients were largely similar to those in PREDICT-HD at baseline, (ii) ENROLL-HD collected a breath of clinical variables over time, and (iii) ENROLL-HD is an ongoing study with wide scientific interests. The limitation, however, is that ENROLL-HD has a much shorter follow-up and fewer events, which may preclude a more in-depth investigation. Future studies may consider other HD cohorts that collected multiple longitudinal marker data to validate the proposed prognostic model, similar to the validation study presented in Long and Mills [11] . Finally, although the proposed model easily accommodates information from multiple longitudinal markers and is computationally more efficient than the multivariate joint models [6] , it may be subject to bias from informative censoring. For instance, there could be patients with worse prognosis who are more likely to withdraw from the study, and consequently less longitudinal marker information is observed due to informative censoring. However, our initial simulations comparing the MFPCA-Cox model with the joint modeling approach found limited difference on predictive performance in the presence of informative censoring [30] . Regardless, such methodological issues indicate the necessity of additional research to understand the relative merits of MFPCA-Cox model and the multivariate joint model. In summary, our study developed a prognostic model for HD that effectively leveraged multiple longitudinal marker information to predict time to HD diagnosis. We demonstrated that including commonly collected longitudinal markers from the motor, cognitive, and functional domains substantially improved risk prediction, based on the PREDICT-HD and ENROLL-HD data sets. We further illustrated how the proposed prognostic index with multiple longitudinal marker information might guide targeted patient recruitment in future clinical trials.
